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Abstract
Summary: DNAFSMiner (DNA Functional Sites Miner)
is a web-based software toolbox to recognize two types of
functional sites in nucleic acid sequences. Currently it has
been implemented to predict translation initiation sites (TIS)
in vertebrate DNA/mRNA/cDNA sequences by TIS Miner,
and to predict polyadenylation (poly(A)) signals in human
DNA sequences by Poly(A) Signal Miner. DNAFSMiner





DNA sequences are an important type of biomedical data that
contains many biologically meaningful functional sites such
as transcription start site, coding region, translation initiation
site (TIS), splice site, polyadenylation signal (PAS) and so on.
These functional sites are associated with the primary struc-
ture of genes and play important roles in gene transcription
and translation. Accurately identifying these biological func-
tional sites is an important application of computational biol-
ogy and bioinformatics.
There are several software programs that have been de-
veloped to detect TISs or PASes from DNA sequences. For
example, ATGpr [6] is a web application to predict TIS
in cDNA sequences using a linear discriminant function
that combines some statistical features derived from the se-
quence. It can be accessed via interface http://www.
hri.co.jp/atgpr/. Polyadq [7] and Erpin [2] are two
programs to detect PASes in human DNA and mRNA se-
quences by analysing the characteristics of upstream and
downstream sequence elements around PASes. Polyadq finds
PASes using a pair of quadratic discriminant functions and
is available at http://argon.cshl.org/tabaska/
polyadq_form.html. Erpin was built on bioinformat-
ics analysis of EST and genomic sequences to characterize
biases in the regions encompassing 600 nucleotides around
the cleavage site. The program can be found at http:
//tagc.univ-mrs.fr/pub/erpin/.
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Our DNAFSMiner is a web-based toolbox to recognize TIS
in vertebrate DNA/mRNA/cDNA sequences (via TIS Miner)
as well as PASes in human DNA sequences (via Poly(A) Sig-
nal Miner). The software is built on statistical and data min-
ing techniques. Our method for constructing the prediction
models consists of three steps [3, 4]: (1) generating candidate
features from the sequences; (2) selecting relevant features
from the candidate features, and (3) integrating the selected
features with a learning algorithm to build a classification and
prediction system. The prediction models are trained and val-
idated on several different data sets, including public ones and
our own extracted ones.
Toolbox Overview
Technologies. When constructing the prediction models of
TIS Miner and Poly(A) Signal Miner, in the first step, we
generated candidate features using k-gram nucleotide acid or
amino acid patterns, which are patterns defined as k consec-
utive letters of nucleotide symbols or amino acid symbols.
So, candidate features are these patterns. The number of
occurrences of a pattern within certain base pairs upstream
and downstream of a candidate functional site is used as the
value of the feature. Then, in the framework of the new fea-
ture space, the original nucleotide sequences are transformed
into data of the form of integer values. In the second step,
an entropy-based feature selection algorithm is applied to the
training data to select important features that can discriminate
between true functional sites and false ones sharply. In the
third step, a support vector machines (SVM) is used to build
prediction model. An SVM can select a small number of criti-
cal boundary samples from each class of training data and then
build a discriminant function that separates them as widely as
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i
are the training data points, y
i
are the class labels
(true functional site is mapped to 1 while non-functional site
is mapped to -1) of these data points, b and 0
i
are parameters
to be determined. K() is the kernel function which defines
an inner product. The kernel function is used by the SVM to
map the training data into a higher dimensional space when
the linear separation is impossible in the original one. Then,
2f(T ) > 0 if the sample T is more likely to be a functional
site, and f(T ) < 0 if T is more likely to be a non-functional
site. To normalize f(T ), we propose a transformation func-





Thus, f(T ) is normalized by s(T ) into the range (0,1). For
each candidate of the functional site, score s(T ) is used to give
the prediction. Note that if f(T ) > 0 then s(T ) > 0:5, and if
f(T ) < 0 then s(T ) < 0:5. For more information about the
background technologies of our 3-step method and the data
sets used for training and validating the models, please refer
to our publications [5, 3, 4].
Input. For prediction, both TIS Miner and Poly(A) Sig-
nal Miner require a nucleic acid sequence which can be sub-
mitted either in raw or in FASTA format. A limit of max-
imum 50,000 base pairs per sequence per submission is set
to avoid a long waiting time for users. The “Number of pre-
dictions” is the number of top scored candidates of the pre-
dicted functional site that is displayed in the result page (de-
fault setting is 5). When predicting PAS, users can also select
the hexamer poly(A) signal consensus other than the default
”AATAAA”. The options include “ATTAAA” or any variant
of “NNTANA”-type. Please refer to Figure 1 (a) for the input
page of the Poly(A) Signal Miner.
Output. The output of the TIS Miner is displayed in a ta-
ble with 6 columns described below while the output of the
Poly(A) Signal Miner is also a table but with only 3 columns,
i.e. the column (1), (2) and (3) of the following description.
Figure 1 (b) shows the output page of the TIS Miner.
(1) No. of ATG(s)/AATAAA(s) from the 5’ end. The num-
ber i in this column of the table indicates that the cor-
responding candidate is the ith candidate functional site
from the 5’ end. Generally, a sequence may contain mul-
tiple candidates of the functional site (e.g. ATG for TIS
and AATAAA for poly(A) signal).
(2) Score. This column shows the score (ranging in (0,1))
of the prediction that “the corresponding candidate is a
true functional site”. It is given by the prediction model
built by SVM on the training sequences. The higher the
score is, the more likely the corresponding candidate is
a true functional site. We also provide the information
of accuracy, sensitivity, specificity and precision under
different thresholds of the score based on our validation
results, for both the TIS Miner and the Poly(A) Signal
Miner. Table 1 is a summary of the information of the
TIS Miner. For example, if the threshold is set as 0.6
(i.e. if the prediction score of a candidate is greater than
0.6, then it will be predicted as a true TIS; otherwise, it
will be predicted as a non-TIS), the accuracy, sensitivity,
specificity and precision are 72.2%, 54.6%, 89.7% and
84.1%, respectively.
(3) Position(bp). This column is the position of the cor-
responding candidate in the submitted nucleic acid se-
quence.
(4) Identity to Kozak consensus [AG]XXATGC. According
to Kozak’s weight matrix [1] developed for TIS predic-
tion, a G residue tends to follow a true TIS while an A or
G residue tends to be found 3 nucleotides upstream of a
true TIS. This column shows how the candidate ATG fits
this consensus.
(5) Is any ATG in 100 base pairs upstream? This column
indicates that whether an ATG exists within the 100 base
pairs of the upstream of the candidate.
(6) Is any in-frame stop codon in 100bp downstream? This
column answers that whether an in-frame stop codon is
found within the 100 base pairs of the downstream of the
candidate.
Table 1: TIS Miner — overall accuracy, sensitivity, specificity
and precision under different thresholds of the score based on
the validation results on Human Chromosome data [4].
Threshold Accuracy Sensitivity Specificity Precision
0.1 73.3% 88.1% 56.5% 66.9%
0.2 75.3% 81.2% 69.4% 72.6%
0.3 76.7% 76.5% 76.9% 76.8%
0.4 78.2% 73.4% 83.0% 81.2%
0.5 77.5% 71.0% 84.0% 81.6%
0.6 72.2% 54.6% 89.7% 84.1%
0.7 69.7% 47.3% 92.2% 85.9%
0.8 67.3% 39.7% 94.9% 88.6%
0.9 61.5% 24.7% 98.3% 93.4%
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